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Abstract 26 
 27 
Using the results from multi-model ensembles enables the assessment of model 28 
uncertainty in present and future estimates of extremes and the production of 29 
probabilities for regional or local scale change. Six regional climate model (RCM) 30 
integrations from the PRUDENCE ensemble are used together with extreme value 31 
analysis to assess changes to precipitation extremes over Europe by 2070-2100 under 32 
the SRES A2 emissions scenario, investigating the contribution of the formulations of 33 
global (GCM) and regional climate models to scenario uncertainty. RCM ability to 34 
simulate precipitation extremes is evaluated for a UK case study. RCMs are shown to 35 
underestimate 1 day return values but reasonably simulate longer duration (5 or 10 36 
day) extremes. A multi-model approach by which probabilities can be produced for 37 
regional or local scale change in extremes is then developed. 38 
 39 
A key result is that all RCMs project increases in the magnitude of short and long 40 
duration extreme precipitation for most of Europe. Individual model projections vary 41 
considerably but are independent of changes in mean precipitation. The magnitude of 42 
change is strongly influenced by the driving GCM but moderated by the RCM, which 43 
also influences spatial pattern. Therefore, when designing future ensemble 44 
experiments (a) the number of GCMs should at least equal the number of RCMs; (b) 45 
if spatial pattern is important then integrations from different RCMs should be 46 
incorporated. For impact studies, both the resolution and number of models in the 47 
ensemble will influence projections of change. The use of a multi-model approach 48 
therefore provides more robust estimates. 49 
 50 
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Index Terms:   51 
1630 Impacts of global change  52 
1637 Regional climate change 53 
1807 Climate impacts 54 
1817 Extreme events 55 
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 57 
Keywords: precipitation, extremes, Regional Climate Model, ensemble, probabilities, 58 
climate change 59 
60 
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Introduction 61 
 62 
Global analyses of precipitation intensities in observed data (e.g. Frich et al., 2002; 63 
Alexander et al., 2006) indicate that high latitudes of the northern Hemisphere are 64 
currently experiencing a trend towards increased rainfall and enhanced variability 65 
(e.g. Easterling et al., 2000; Meehl et al., 2005), particularly in winter. This is 66 
supported by regional studies in Europe (e.g. Fowler and Kilsby, 2003a, b; Brunetti et 67 
al., 2000; Frei and Schär, 2001) which show significant positive trends in intensity 68 
over the past decade. Such a trend is likely to continue into the future as modeling 69 
studies with global climate models (GCMs) (e.g. Giorgi et al., 2001; Palmer and 70 
Räisänen, 2002; Tebaldi et al., 2006) consistently suggest that under enhanced 71 
greenhouse conditions there will be increases in the frequency and intensity of heavy 72 
precipitation. 73 
 74 
Coarse resolution global climate models are unable to simulate realistic extreme 75 
events, particularly in areas of complex topography (Mearns et al., 2001). Regional 76 
detail on extremes can however be obtained by using simple interpolation, statistical 77 
downscaling or high-resolution dynamical modeling using Regional Climate Models 78 
(RCMs) (Haylock et al., 2006). Dynamical modeling confers advantages over other 79 
methods as it still represents physical processes but at a higher resolution. Therefore, 80 
much recent attention has been focused on the simulation of extremes by RCMs (e.g. 81 
Christensen and Christensen 2003, 2004; Pal et al. 2004; Räisänen et al., 2004; 82 
Ekström et al., 2005; Frei et al., 2006). 83 
 84 
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Estimates of future precipitation are, however, subject to several sources of 85 
uncertainty (Allen and Ingram, 2002; Covey, et al., 2003, Collins and Allen, 2002; 86 
Jenkins and Lowe, 2003). Two major sources are related to model structure and 87 
parameterization scheme and are likely to be reduced by further research. In addition, 88 
major uncertainties result from the emission rates of greenhouse gases which are 89 
determined by society through policies. When using RCM data the sources of 90 
uncertainty increase, as outputs are influenced by RCM resolution, numerical scheme, 91 
physical parameterizations and the forcing boundary conditions (Rummukainen et al., 92 
2001; Déqué et al., 2007). Recently, results from multi-model ensembles have 93 
become available in projects such as PRUDENCE (Prediction of Regional scenarios 94 
and Uncertainties for Defining European Climate change risks and Effects; 95 
Christensen et al., 2007), ENSEMBLES and NARCCAP (North American Regional 96 
Climate Change Assessment Program), enabling assessment of model uncertainty in 97 
present and future estimates of extremes. Although ENSEMBLES used only four 98 
GCMs to drive nine RCMs, NARCCAP will use a better balance of GCMs and 99 
RCMs, including some of the same GCMs as PRUDENCE (Mearns et al., 2006).  100 
 101 
Multi-model ensembles have also allowed the generation of probability density 102 
functions (pdfs) of the impacts of global warming. Despite the global emphasis taken 103 
by most probabilistic climate change assessments, there are now examples in the 104 
literature of the production of pdfs for regional-scale (e.g. Tebaldi et al., 2004, 2005; 105 
Greene et al., 2006; Ekström et al., 2007) and even point-scale (Furrer et al., 2007) 106 
changes. Although most studies concentrate on mean changes, Palmer and Räisänen 107 
(2002) used 19 global climate models to quantify the increases in the probability of 108 
extreme precipitation for different regions of the world under global warming using 109 
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equal weighting of the results from different models. However, more recent 110 
approaches, e.g. Tebaldi et al. (2004, 2005) or Lopez et al. (2006), suggest that non-111 
uniform weighting may be more appropriate as models have unequal skill in the 112 
simulation of contemporary climate. 113 
 114 
There are several different methods available to define extreme events. Many studies 115 
have focused on ‘soft’ extremes (Klein Tank and Können, 2003), typically 90th or 95th 116 
percentiles, principally because the detection probability of trends decreases for even 117 
moderately rare events (Frei and Schär, 2001). For the European continent, there have 118 
been a number of recent studies summarized by Frei et al. (2006). Other studies have 119 
used extreme value analysis to examine more rare events. A series of publications 120 
have assessed different versions of Hadley Centre RCMs for the United Kingdom 121 
(e.g. Jones and Reid, 2001; Huntingford et al., 2003; Fowler et al., 2005; Buonomo et 122 
al., 2007). Most recently, for HadRM3H, Ekström et al. (2005) found a 10% increase 123 
in 1 day precipitation intensities for return values from 10 to 50 years across the UK, 124 
estimating more spatially variable changes for 5 and 10 day events. The most 125 
extensive European study, by Frei et al. (2006), used six RCMs driven by the 126 
HadAM3H atmosphere-only GCM and found that in winter, precipitation extremes 127 
tend to increase north of about 45°N while there are insignificant changes or 128 
decreases to the south. In summer, the models produce divergent estimates of change, 129 
with RCM structure and parameterization contributing significantly to scenario 130 
uncertainty. 131 
  132 
Here, we use PRUDENCE integrations from four models: three RCMs and an 133 
atmosphere-only GCM with a similar spatial resolution, with lateral boundary 134 
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conditions taken from two different GCMs.  Regional Frequency Analysis (Hosking 135 
and Wallis, 1997) is used to fit the Generalized Extreme Value (GEV) distribution to 136 
annual maxima using the method of L-moments, to define extremes with return values 137 
from 5 to 25 years. We then compare return values for the current (1961-1990) and 138 
future (2070–2100) climate, under the SRES A2 emissions scenario, to analyze 139 
changes to precipitation extremes over Europe. This work builds on Frei et al. (2006) 140 
by investigating the contribution of the formulation of the driving GCM to scenario 141 
uncertainty in extremes. This was found to be greater than that from the RCM for 142 
mean climate response, particularly temperature, by Déqué et al. (2007).  143 
 144 
The RCMs are also evaluated with respect to their ability to simulate precipitation 145 
extremes. To complement previous evaluations focusing on the Alps (Frei et al., 146 
2006) and southern Germany (Beniston et al., 2007) using some of the same models, 147 
we focus on the UK; approximately 20 x 18 0.5° grid cells, updating a study by 148 
Fowler et al. (2005).  We then consider how estimates from different models may be 149 
combined. We develop a method using non-parametric bootstrap re-sampling by 150 
which probabilities can be produced for regional or local scale change in extremes. 151 
 152 
The paper is divided into the following sections: Section 2 presents the data and 153 
descriptions of the climate models used in the study; Section 3 introduces the 154 
statistical methods used for analysis; Section 4 presents an evaluation of the models’ 155 
ability to simulate mean and extreme precipitation statistics using a UK case study; 156 
Section 5 presents future scenarios of precipitation extremes over Europe; Section 6 157 
explores how probabilistic estimates of change in extremes may be developed for 158 
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homogeneous rainfall regions in the UK; and Section 7 provides a discussion of the 159 
results and concludes the study. 160 
 161 
 162 
1. Model Descriptions and Data 163 
 164 
Within the FP5 PRUDENCE project (Christensen et al., 2007), four Atmosphere-165 
Ocean and Atmosphere-only GCMs were used to drive nine RCMs and one variable 166 
resolution global atmospheric model over a European domain for two time slice 167 
integrations: control (1961-1990; CTRL) and future (2071-2100; SCEN). Daily grid-168 
point values for a range of climatic variables are available at http://prudence.dmi.dk. 169 
Here, we examine integrations from four models within the PRUDENCE ensemble, 170 
three RCMs and one variable resolution global atmospheric model, driven by two 171 
different GCMs for the IPCC SRES A2 emissions scenario (Nakićenović et al., 2000). 172 
This subset of available model integrations was chosen to evaluate the relative 173 
contribution to RCM uncertainty in future projections by assessing: 174 
 175 
• Same bounding GCM in combination with different RCMs 176 
• Same RCM in combination with different bounding GCMs 177 
 178 
Two of the RCM integrations analyzed in this study, HIRHAM and RCAO, were 179 
conducted by nesting into the atmosphere-only high-resolution GCM HadAM3H of 180 
the UK Hadley Centre. One RCM, HadRM3P, is nested into HadAM3P, a more 181 
recent version of the same atmosphere-only GCM. The latter version contains changes 182 
to the moisture parameterizations which affect biases seen in parts of the globe 183 
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outside Europe; therefore HadRM3H and HadRM3P can be considered as essentially 184 
the same model for Europe (Haylock et al., 2006). Additionally, the variable 185 
resolution global atmospheric model, ARPEGE, with a resolution of 50 km to 70 km 186 
over Europe (Hagemann et al., 2004), is nested directly within HadCM3.  187 
 188 
HadCM3 (Gordon et al., 2000; Johns et al., 2003) is a coupled ocean-atmosphere 189 
GCM at a resolution of approximately 300 km from which both HadAM3H and 190 
HadAM3P take their boundary conditions. HadAM3H (Pope et al., 2000) and 191 
HadAM3P (Jones et al., 2005) have a resolution of about 150 km in the mid-latitudes. 192 
For CTRL, they were forced by observed sea surface conditions from the same period. 193 
For SCEN, sea surface conditions were constructed by adding anomalies from a 194 
transient simulation of HadCM3 to observations. Atmosphere-only GCMs were 195 
favored over HadCM3 for driving RCMs in PRUDENCE, as their higher resolution 196 
provides an improved control climate, particularly with respect to the positioning of 197 
storm tracks in the Northern Hemisphere (Hudson and Jones, 2002). Furthermore, the 198 
representation of clouds and condensation are substantially improved (Stratton et al., 199 
2004).    200 
 201 
Additionally, two RCM integrations analyzed here, HIRHAM and RCAO, are driven 202 
by lateral boundary and sea surface conditions from the ECHAM4/OPYC3 coupled 203 
ocean-atmosphere GCM (Roeckner et al., 1996; 1999) developed in co-operation 204 
between the Max-Planck-Institute for Meteorology (MPI) and the German Climate 205 
Computing Centre (DKRZ) in Hamburg, Germany. These are included to sample the 206 
dependence of results on the driving GCM.  207 
 208 
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The HadAM3H/P and ECHAM4/OPYC3 global mean temperature responses are 209 
similar for the IPCC SRES A2 emissions scenario (3.1°C and 3.56°C respectively; 210 
Tim Osborn, personal communication); mid-range in the climate sensitivities 211 
presented by the IPCC (2001). 212 
 213 
The RCMs considered in this study are listed below with further details in Table 1.  214 
All operate with grid spacing of about 0.5° longitude by 0.5° latitude (approximately 215 
50 km spatial resolution) over a European domain. More details on the experimental 216 
design of the PRUDENCE integrations can be found in Jacob et al. (2007). 217 
 218 
1. The HadRM3P model of the UK Hadley Centre (Jones et al., 2004a) is an updated 219 
version of the HadRM3H model (Hudson and Jones, 2002). Precipitation extremes 220 
for the UK for HadRM3H are described by Fowler et al. (2005) and Ekström et al. 221 
(2005). The main changes in HadRM3P are related to the calculation of large-222 
scale cloud and assumptions made about the radiative effects of convective 223 
clouds. Changes were also made to precipitation efficiency parameters to ensure 224 
reasonable vertical cloud profiles, cloud forcing and radiation fields (Déqué et al., 225 
2007); 226 
2. The HIRHAM model of the Danish Meteorological Institute is an updated version 227 
of HIRHAM4 (Christensen et al., 1996; 1998), incorporating high resolution 228 
physiographical datasets of surface topography and land use classification 229 
(Hagemann et al., 2001; Christensen et al., 2001). Regional simulations of 230 
extreme precipitation by HIRHAM are described in Christensen and Christensen 231 
(2003; 2004) and for the whole of Europe by May (2007); 232 
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3. The RCAO model of the Swedish Meteorological and Hydrological Institute 233 
consists of an atmospheric part RCA2 (Jones et al., 2004b) and an ocean model 234 
RCO (Meier et al., 2003), described in Döscher et al. (2002). The simulation of 235 
extreme precipitation over part of northern Europe is described by Räisänen et al. 236 
(2004); 237 
4. The global ARPEGE/IFS variable resolution model of the French Meteorological 238 
Service, an updated version of Déqué et al. (1998), is not strictly a RCM. Within 239 
PRUDENCE, however, it is used with maximum resolution over the 240 
Mediterranean Sea (Gibelin and Déqué, 2003) and so its resolution over Europe is 241 
approximately the same as the other RCMs. The simulation of extreme 242 
precipitation over France is described by Déqué (2007). 243 
 244 
Daily precipitation data for CTRL and SCEN integrations were re-gridded onto the 245 
common 0.5° x 0.5° CRU grid to allow direct comparison between models. Suffixes E 246 
and H denote RCMs driven by ECHAM4/OPYC3 and HadAM3H/P/HadCM3 GCMs 247 
respectively.  248 
 249 
For the UK evaluation, a daily observed 5 km precipitation grid produced by the UK 250 
Meteorological Office (Perry and Hollis, 2005a, b) was aggregated to the common 251 
CRU grid by taking a daily average across the 5 km boxes contained within each 0.5° 252 
x 0.5° grid cell for each day of 1961-1990. This daily data set is referred to as UKMO. 253 
No similar daily observational dataset is available for Europe, although one is under 254 
construction in the FP6 ENSEMBLES project (Malcolm Haylock, personal 255 
communication). 256 
 257 
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 258 
 259 
2. Statistical Analysis  260 
 261 
The statistical analysis of extreme precipitation is based on daily precipitation totals. 262 
First, diagnostics of mean precipitation and wet day frequency are used to characterize 263 
the frequency distribution of precipitation. A threshold of 1 mm d-1 is used to 264 
discriminate wet days as lower daily totals may be sensitive to under-recording in 265 
observed series. Secondly, we analyze return values of precipitation intensities with 266 
average recurrence of 5 to 25 years. The return value for a return period of T years is 267 
defined as the precipitation intensity that is exceeded by an annual extreme with a 268 
probability of 1/T. Return values for return periods in excess of 25 years were 269 
considered less reliable due to the short (30 year) length of climate model integrations 270 
and so results are not presented here.  Return values are examined for 1, 2, 5 and 10 271 
day precipitation totals. Here, results are presented only for illustrative low (5 year) 272 
and high (25 year) return periods using 1 and 10 day sums, representing short and 273 
long duration precipitation events respectively.  274 
 275 
a. Return period estimation 276 
 277 
For each RCM integration, annual maximum (AM) series are extracted for 1, 2, 5 and 278 
10 day precipitation totals for each grid cell. The AM series are standardized by their 279 
median (Rmed; following Fowler et al., 2005) and a GEV distribution is fitted using 280 
L-moments (Hosking and Wallis, 1997). Grid cell return period magnitudes are then 281 
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derived for each model by multiplying the fitted GEV growth factor by its respective 282 
Rmed.  283 
 284 
For the UK case study, regional frequency analysis (RFA) is used to estimate return 285 
values of precipitation intensities for nine UK rainfall regions (Figure 1) developed by 286 
Wigley et al. (1984). The homogeneity of these regions for extreme precipitation was 287 
tested by Fowler and Kilsby (2003a). Within each region, standardized AM data for 288 
each grid cell is pooled and a GEV distribution fitted using regionally averaged L-289 
moment ratios. The return values of precipitation intensities are then estimated by 290 
multiplying the fitted growth factor by the regional average Rmed. This technique is 291 
used to estimate regional return values for UKMO, CTRL and SCEN. The 292 
methodology is explained in more detail in Fowler and Kilsby (2003a). 293 
 294 
We use the return value estimates for UKMO and CTRL to evaluate the RCMs with 295 
respect to their representation of precipitation extremes across the UK. We then 296 
consider the difference between CTRL and SCEN to give estimates of change in the 297 
return values of precipitation intensities across Europe. 298 
 299 
b. Confidence intervals  300 
 301 
For the UK case study regional confidence intervals on return values were estimated 302 
using a non-parametric bootstrap re-sampling method (Efron, 1979). If each dataset of 303 
AM is based on n data points then, as defined by Efron and Tibshirani (1993), 304 
bootstrapping samples the original dataset with replacement multiple times to produce 305 
multiple independent samples of size n. Thus, 10000 bootstrap samples, each of 30 306 
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values are drawn from each pooled standardized regional AM dataset for the RCMs 307 
and UKMO. For each bootstrap sample, a GEV distribution is fitted and the 5 and 25 308 
year return values estimated by multiplying the growth factor by the regional average 309 
Rmed. This allows the construction of 5th and 95th percentiles for return value 310 
estimates for individual regions and RCMs. More detail on this method is given in 311 
Fowler et al. (2005). 312 
 313 
c. Multi-model estimates 314 
 315 
Multi-model estimates of change were generated using the non-parametric bootstrap 316 
samples. Using the 5 year return value as an example; for each RCM, region and 317 
aggregation, e.g. HADH for CEE at 1 day, a random number generator is used to 318 
sample the return values from the CTRL and SCEN regional pools. The percentage 319 
change in the return value between CTRL and SCEN is then calculated. This 320 
procedure is repeated 10000 times, giving 10000 estimates of change in the 5 year 321 
return value for each RCM and each region. A kernel density function is then fitted to 322 
visualize the estimated change. 323 
 324 
Assuming that the models have equal skill, the 10000 estimates from each RCM are 325 
then pooled and the distributional properties examined using box plots for each UK 326 
region for the 5 and 25 year return values of 1 and 10 day precipitation extremes. 327 
 328 
 329 
3. Evaluation in the UK 330 
 331 
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This section presents an evaluation of the simulation of UK precipitation extremes; 332 
comparing CTRL to UKMO. UKMO has the same grid resolution as the RCMs and 333 
therefore the resulting statistics are directly comparable (Osborn and Hulme, 1997). 334 
 335 
Firstly, we compare mean precipitation and wet day frequency to characterize the 336 
frequency distribution of precipitation across the UK. Subsequently, we compare the 337 
mean and standard deviation of AM series and Rmed for each region. Finally, we 338 
compare the estimated return values for individual grid cells and regions. 339 
 340 
a. Mean and frequency diagnostics 341 
 342 
The CTRL integrations broadly simulate the observed annual cycle of precipitation 343 
over the UK (Figure 2a). However, model skill differs throughout the year and is most 344 
influenced by choice of RCM, except in autumn when precipitation tends to be 345 
greatest. Here, the driving GCM provides significant differences: CTRL integrations 346 
driven by ECHAM4/OPYC3 overestimate precipitation and those driven by Hadley 347 
GCMs underestimate precipitation. This perhaps suggests a seasonal disparity in 348 
model ability to simulate precipitation mechanisms. In contrast, most RCMs 349 
overestimate the wet day frequency (WD, >1 mm, Figure 2b) and the lack of 350 
clustering of RCMs according to driving GCM suggests that RCMs have a large 351 
influence over the precipitation occurrence process. Frei et al. (2003) identified 352 
similar problems with simulations of WD over the European Alps using ARPEGE and 353 
HIRHAM models driven by observed data.  However, a selection of other RCM 354 
simulations including HadRM3H performed reasonably well.  The simulations of WD 355 
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for the UK would seem to confirm their speculation that the errors are not region 356 
specific but are inherent to specific model parameterizations.   357 
 358 
Some models that provide good estimates of areal average precipitation show poor 359 
skill in the simulation of its spatial distribution (Figure 2c). Figure 2a shows that 360 
HIRHAME simulates the seasonal pattern of areal average precipitation well. 361 
However, this is due to the compensating large underestimates over the north and 362 
west and overestimates over central and eastern England (Figure 2c). In contrast, 363 
although ARPEGEH performs poorly in simulating areal average precipitation, the 364 
lack of a clear pattern to its spatial anomalies in Figure 2c suggests that it may be 365 
better at representing physical precipitation processes than models which produce 366 
errors with a well-defined spatial structure.  367 
 368 
b. Annual maxima  369 
 370 
The regional mean AM and standard deviation of AM within a region were calculated 371 
to identify percentage differences between pooled 1 and 10 day AM series for UKMO 372 
and CTRL (Tables 2 and 3).  373 
 374 
At 1 day, all CTRL integrations underestimate the regional mean AM. At 10 days, 375 
differences between CTRL and UKMO are smaller and, for some regions, the CTRL 376 
integrations overestimate the regional mean AM (Table 2b). At both 1 and 10 days, 377 
the largest differences between CTRL and UKMO are simulated for northern Scotland 378 
(NS) and the smallest for CEE. 379 
 380 
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The standard deviation of AM within a region gives an indication of the ability of an 381 
RCM to reproduce the observed spatial variability in extremes. At 1 day, RCAOE and 382 
RCAOH produce large underestimates. At 10 days, RCAOH and RCAOE still 383 
underestimate the standard deviation of AM in most regions (Table 3b). At both 1 and 384 
10 days, HADH provides the most similar or lowest mean model anomaly value 385 
(Tables 2b and 3b). The largest difference in standard deviation of AM between 386 
CTRL and UKMO is found for NS. 387 
 388 
c. Rmed  389 
 390 
Here we illustrate how Rmed distributions, used to rescale from the fitted GEV 391 
growth factor to the return value and equivalent to the 2 year return value, differ for 392 
each region. The mean and standard deviation of Rmed by model and region is 393 
compared for CTRL and UKMO in Figure 3. Color represents the CTRL and UKMO 394 
datasets whilst symbols represent regions, i.e. clustering of colors indicates similarity 395 
amongst models, whilst clustering of symbols indicates similarity within regions.  396 
 397 
For 1 day AM, there is more similarity between Rmed values from the same RCM 398 
than Rmed values from the same region (Figure 3a). However, for 10 day AM, 399 
regional-clusters suggest that the mean and standard deviation of Rmed values from 400 
models within the same region are more similar (Figure 3b).  401 
 402 
Differences between 1 and 10 day Rmed distributions for CTRL and UKMO are 403 
clearly identified in Figure 3.  The UKMO estimates are placed further to the right 404 
than the CTRL markers in both plots. This shows that the CTRL integrations 405 
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underestimate mean Rmed, although less so for the 10 day totals. Furthermore, with 406 
some exceptions, mainly for HADH, the CTRL markers show less vertical spread 407 
compared to UKMO markers, particularly at 1 day. This suggests that, in general, the 408 
CTRL integrations underestimate the spatial variability of Rmed.  409 
 410 
Box plots of Rmed distributions for CTRL and UKMO were plotted to illustrate the 411 
two regions showing the smallest (CEE) and largest (NS) differences (Figure 4). The 412 
larger spatial variability of precipitation in NS is illustrated by the wider range of 413 
Rmed when compared to CEE (Figure 4). There are larger inter-model and CTRL-414 
UKMO differences for NS than CEE, where the range of RCAOE/H is much smaller 415 
than the range of observed Rmed values. 416 
 417 
d. Return values 418 
 419 
Figure 5 shows the estimated 1 day, 5 year return value for UKMO and each of the 420 
CTRL integrations for individual grid cells (Figure 5a) and regions (Figure 5b). At the 421 
1 day resolution, all CTRL integrations underestimate extreme precipitation amounts 422 
for both low (Figure 5a, b) and high return values (not shown). This was noted by 423 
Fowler et al. (2005) for HadRM3H and may be a result of the poor performance of 424 
RCMs in resolving convective precipitation processes. As precipitation is aggregated 425 
to the regional level, return value estimates are improved due to the effect of data 426 
pooling and use of the regional average Rmed (Figure 5b).  427 
 428 
There is considerable variability in model performance over time and space. The 429 
RCAO models, in particular, show little spatial variation in 1 day, 5 year return 430 
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values, with a UK range from 25 to 37 mm (Figure 5a). In comparison, the range 431 
estimated from UKMO is 32 to 87 mm. Better estimates are made for longer duration 432 
precipitation. For the 10 day, 5 year return value all RCMs show a reduction in 433 
simulation error when compared to the 1 day estimate, but a lack of spatial variability 434 
is still evident for the RCAO models (Figure 5c). Results for higher return values are 435 
comparable (not shown). The improvement in the simulation of longer duration 436 
precipitation extremes may reflect the models’ ability to better capture large scale 437 
atmospheric processes or be due to the reduced influence of model parameterization 438 
when using temporal smoothing. Despite the dry bias in mean precipitation across the 439 
UK simulated by HADH, it produces the best estimates of return values for CTRL.  440 
 441 
Whilst simulated return values for CTRL cannot be assessed relative to observations 442 
for the whole of Europe due to the lack of a gridded daily precipitation series, some 443 
useful indicators may be inferred from a comparison of the RCMs. Models agree that 444 
the largest 1 day, 5 year return values occur over the Alps, western Scandinavia, 445 
northwest Spain and the north Mediterranean coast (Figure 6).  As for the UK case-446 
study, the RCAO simulations show less spatial variability in 1 day return values than 447 
the other RCMs.  In general, the models are in closer agreement on the distribution of 448 
high and low return values and the range of variability across Europe for longer 449 
duration precipitation events (5 or 10 days), with the main differences found over 450 
central and Eastern Europe (not shown). 451 
 452 
 453 
4. Projected change in precipitation extremes 454 
 455 
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Increases in short duration extreme precipitation are projected over most of Europe 456 
(Figure 7), with projected changes for higher return levels generally larger but 457 
displaying more inter-model variability. GCM boundary conditions are important in 458 
generating differences in projected changes since large-scale circulation patterns 459 
within RCMs depend on the lateral boundary conditions inherited from their driving 460 
GCMs. These not only influence the simulation of mean precipitation changes over 461 
northern Europe (Beniston et al., 2007) but also the extremes. For some regions, this 462 
results in different directions of change, e.g. moderate decreases in the magnitude of 463 
extreme precipitation events (<40%) over southern Iberia are projected by Hadley-464 
driven models whereas ECHAM-driven models project increases.  465 
 466 
Increases also predominate for longer duration extremes, e.g. 10 day precipitation 467 
intensities show modest increases in 5 year return values over most of Europe (Figure 468 
8a).  For 25 year return values, larger areas are projected to experience decreases 469 
(Figure 8b). However, the dominant pattern suggests larger increases over northern 470 
Europe, with smaller increases or potentially decreases in extremes over southern 471 
Europe. The uncertainty in the spatial pattern of change is strongly influenced by 472 
driving GCM, with ECHAM-driven models projecting much larger increases in return 473 
values than Hadley-driven models. Overall, there is a more coherent inter-model 474 
signal in projections for longer duration precipitation extremes, perhaps reflecting the 475 
better simulation of these types of events by RCMs.  476 
 477 
Changes in extremes are not directly related to changes in mean precipitation. Models 478 
show much greater consistency in projections of mean precipitation change, with 479 
decreases over southern Europe and increases over the north (Blenkinsop and Fowler, 480 
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2007). Over northern Europe, increases in extremes are likely to be related to 481 
proportionately more precipitation in areas of existing storm tracks and associated 482 
dynamical moisture convergence resulting simply from the greater moisture holding 483 
capacity of warmer air together with a slight poleward shift of the mid-latitude storm 484 
tracks (Meehl et al., 2005; Tebaldi et al., 2006). However, over parts of southern 485 
Europe, increases in extremes are associated with decreases in mean precipitation. 486 
This inconsistency may be a result of an increased number of dry days together with 487 
more intense convective extremes, despite lower mean precipitation. 488 
 489 
 490 
5. Estimating changes using a multi-model approach : UK example 491 
 492 
Probability distributions of change in extreme precipitation were generated using the 493 
10000 return value estimates generated for each model, aggregation period (1, 2, 5 or 494 
10 days) and UK homogenous rainfall region by the non-parametric bootstrapping 495 
exercise. The methodology used is detailed in Section 3c. 496 
 497 
Figures 9 and 10 show estimates of the percentage change in the 1 day 5 year and 10 498 
day 25 year return values respectively for each RCM under the SRES A2 2071-2100 499 
emissions scenario. Model projections of change vary considerably; estimates range 500 
from -20 to +60 % across the UK with a greater spread for higher return periods, and 501 
intra-regional differences are almost as large. What is striking is that few models 502 
predict decreases in any region; HADH proves the outlier by projecting decreases or 503 
no change. A distinct split between projections from Hadley- and ECHAM-driven 504 
models is seen at 1 day, except in southeast England (SEE) and central east England 505 
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(CEE). However, at 10 days, this is less distinct. ECHAM-driven models project large 506 
increases in extreme precipitation in all UK regions; generally larger than increases 507 
projected by Hadley-driven models, which also show large intra-ensemble 508 
differences. 509 
  510 
Assuming that the models have equal skill, the 10000 estimates from each RCM were 511 
pooled to produce probability distributions of change for each UK region. Figure 11 512 
shows box plots of the estimated percentage change in 1 and 10 day, 5 and 25 year 513 
return values. Data pooling produces large uncertainties in projections, particularly for 514 
1 day extremes. Less spatial variability in change is estimated for 10 day extremes; all 515 
regions show median increases from 10-20%, with greater uncertainty surrounding 516 
estimates for the southern UK. At 1 day, larger changes are projected for northern 517 
regions (~20% increase), with 10-20% increases estimated for southern regions. At 518 
higher return levels there is greater uncertainty, as would be expected. However, it is 519 
likely that the choice of models in the pool heavily influences the results.  520 
 521 
Estimates of change were then pooled by driving-GCM to examine uncertainty 522 
resulting from GCM boundary conditions and the structure and parameterization of 523 
RCMs. Figures 12 and 13 show three box plots of probability distributions of change 524 
estimated for 1 and 10 day, 5 and 25 return values. Firstly, all Hadley-driven model 525 
results were pooled to give an estimate of change using four ensemble members, 526 
HADH, ARPEGEH, HIRHAMH and RCAOH. Secondly, a strict comparison was 527 
made of pooled results from a 4 x 4 ensemble: RCAO and HIRHAM driven by 528 
HadAM3H and ECHAM4/OPYC3. The second plot (Hadley_sub) shows results for 529 
this pooled subset of Hadley-driven models: HIRHAMH and RCAOH. The third plot 530 
 23
in each row shows pooled results for the same RCMs driven by ECHAM4/OPYC3: 531 
HIRHAME and RCAOE. 532 
 533 
Figures 12 and 13 clearly illustrate the large effect of the driving GCM on the 534 
magnitude of estimated changes. For 1 day 5 year return values (Figure 12a), median 535 
increases of between 0 to 15% are estimated for all Hadley-driven RCMs but median 536 
increases for the Hadley subset are much lower for southern UK regions, from 0 to 537 
5%. Median increases projected by the ECHAM-driven RCMs are significantly 538 
larger; from 25 to 45%. At higher return levels (Figure 12b), greater increases of up to 539 
60% are projected. Projected increases are largest in east and south Scotland (ES and 540 
SS) and smallest in southern regions. For short duration precipitation extremes, the 541 
size of the RCM ensemble heavily influences change projections, with the spread 542 
significantly increasing with the inclusion of additional RCMs.  543 
 544 
For 10 day extremes (Figure 13), differences between ECHAM- and Hadley-driven 545 
projections and the range of uncertainty are both smaller. Changes estimated from the 546 
subset do not differ significantly from estimates using all Hadley-driven models, 547 
suggesting increases of 10 to 15% in the 5 year return value (Figure 13a). Thus, 548 
ensemble size is much less important. ECHAM-driven models suggest greater 549 
increases, from 25 to 35%. For the 25 year return value (Figure 13b), increases are 550 
projected to be of similar magnitude. 551 
 552 
 553 
6. Discussion and Conclusions 554 
 555 
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A selection of three RCMs and a variable resolution atmosphere-only GCM, with 556 
forcing from two different GCMs, were compared for the simulation of European 557 
precipitation extremes. A UK case study demonstrated each model’s ability to 558 
reproduce observed climate statistics for the 1961-1990 control integration (CTRL) 559 
for nine rainfall regions. The study also examined some of the uncertainties associated 560 
with model structure and parameterization. Results showed that the driving GCM has 561 
a strong influence on the magnitude of change in extremes; similar results were 562 
obtained for mean change in precipitation and temperature over Europe by Déqué et 563 
al. (2007). However, RCM structure influences the spatial pattern of change in 564 
extreme precipitation and moderates the median magnitude of change; shown by the, 565 
sometimes large, differences between projections from Hadley-driven models.  566 
 567 
All models were found to reproduce the form of the annual precipitation cycle over 568 
the UK. However, the lack of expected spatial patterns in mean precipitation suggests 569 
that models may not adequately capture the physical processes responsible for 570 
precipitation. Comparisons of regional means and standard deviations of the CTRL 571 
Rmed values with observed equivalents indicated much less intra-regional variability 572 
in modeled than observed precipitation, particularly so for the 1 day totals. Scatter-573 
plots of regional Rmed mean and standard deviation showed that whilst 1 day Rmed 574 
clustered according to model (i.e. Rmed from same model but different regions 575 
showed similar values), the 10 day Rmed clustered according to region. This suggests 576 
that 1 day rainfall may reflect too much dependence on model specific behavior rather 577 
than regional climate characteristics, an effect that is reduced when averaging RCM 578 
data in the temporal or spatial domain.  579 
 580 
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For extreme precipitation, all models, to varying degree, underestimated observed 581 
statistics and intra-regional spatial variability, hence giving a conservative measure of 582 
the magnitude of extremes. At 1 day, models provided poor estimates but simulations 583 
of longer duration extremes (5 or 10 days) were reasonable and show that RCMs are 584 
capable of representing the spatial patterns in extremes that are not resolved by 585 
GCMs. The nature of the deficiencies in model performance highlighted in this study 586 
has yet to be fully addressed; here, %-change was used to define probabilities for 587 
change in extreme precipitation rather than absolute values. In particular, there is a 588 
lack of rigorous comparative analyses of model skill in reproducing characteristics of 589 
the large-scale atmospheric circulation and its relationship with regional climate. 590 
 591 
At the European scale, increases in both short and long duration extreme precipitation 592 
are projected, although there is uncertainty in the absolute magnitude. Coherent 593 
spatial patterns are rarely found for extreme precipitation projections as a result of the 594 
small-scale, local character of precipitation (Tebaldi et al., 2006; Frich et al., 2002). 595 
However, importantly for policy makers, reductions are projected over comparatively 596 
small areas, with general agreement amongst models for increases in longer duration 597 
events. This change is physically consistent with warmer air in the future climate 598 
being able to hold more moisture generated by increased evaporation from warmer 599 
oceans. When this moister air moves over land, more intense precipitation is produced 600 
(Meehl et al., 2005). Change in extremes is driven by changes in mean precipitation in 601 
some areas but not in others, confirming the conclusions of Frei et al. (2006) who 602 
indicated that there is a component of change under global warming that is specific to 603 
extremes.  604 
 605 
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For the UK rainfall regions, results from all models were pooled per region and a non-606 
parametric bootstrap re-sampling method, similar to Huntingford et al. (2003), was 607 
used to represent uncertainty resulting from natural climate variability. This 608 
combination allowed probability distributions of change in the 5 and 25 year return 609 
values to be estimated for the nine rainfall regions. The median change indicates an 610 
increase of 10 to 20% on 1961-1990 return values by 2071 under the A2 SRES 611 
emissions scenario. More uncertainty exists for change in short duration (1 or 2 days) 612 
precipitation extremes but consistently positive changes are predicted for longer 613 
duration events. If estimates of change for 1 day extreme precipitation are pooled by 614 
driving-GCM, Hadley-driven models estimate median increases of between 0 and 615 
15% whereas ECHAM-driven models project larger increases of 25 to 45%. 616 
Estimated increases are largest in east and south Scotland and smallest in southern 617 
regions; similar to trends seen in observations (Fowler et al., 2003a, b). For 10 day 618 
extremes, the differences between the projections of change are smaller. Hadley-619 
driven models suggest increases of 10 to 15%; ECHAM models suggest greater 620 
increases from 25 to 35%.  621 
 622 
The large inter-model variability evident in the results suggests that introduction of 623 
further models into the analysis, particularly RCMs driven by different lateral 624 
boundary conditions, may well modify the estimated changes in extreme precipitation 625 
presented here. Furthermore, in this work all models were assumed to have equal 626 
skill. However, it is clear that models perform differently in the simulation of the 627 
magnitude and spatial distribution of extremes. Under global warming, the 628 
characteristics of precipitation are expected to change over both space and time. 629 
Models which cannot capture inter-regional differences in the present climate may not 630 
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accurately predict change. Therefore, it is appropriate to assess the ability of models 631 
to simulate spatial as well as temporal climate characteristics. Ultimately, a multi-632 
scale approach must be developed for weighting the results from different climate 633 
models. This should not only assess the simulation of synoptic-scale regional climate 634 
for the specific impact study, but also the simulation of continental-scale and global 635 
modes of variability such as the location of the storm track across Europe and the 636 
North Atlantic or the El Niño Southern Oscillations.  637 
 638 
In summary, four lessons can be learnt for the design of future climate model 639 
ensemble experiments. Firstly, the number of driving GCMs should at least equal the 640 
number of RCMs, as the driving GCM seems to produce the largest uncertainties in 641 
response, particularly for precipitation. Indeed, the role of GCM uncertainty may be 642 
underestimated by PRUDENCE, as the global mean temperature response of 643 
HadCM3 and ECHAM4 are very similar for the IPCC SRES A2 emissions scenario 644 
(Déqué et al., 2007). Secondly, if spatial variability or extremes are important then 645 
integrations from different RCMs must be incorporated into the analysis. Thirdly, the 646 
estimates of change are sensitive to the number of RCMs used. In the limited 647 
sensitivity analysis performed here, adding more ensemble members increased the 648 
uncertainty in estimates, particularly when used in combination with different driving-649 
GCMs. Finally, an appropriate temporal and spatial resolution for RCM data must be 650 
chosen. Results based on ‘smoothed’ data, e.g. using 10 day totals or regions rather 651 
than grid cells, showed much less inter-model variability. Smoothing seems to reduce 652 
the influence of individual model characteristics, exaggerating precipitation patterns 653 
resulting from larger scale processes that are better resolved by RCMs in relation to 654 
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precipitation resulting from processes operating at a higher temporal and spatial 655 
resolution.  656 
 657 
The RCMs examined here indicate increases in extreme precipitation across the UK 658 
and most of Europe under global warming but considerable uncertainty as to the 659 
magnitude of change. The use of multi-model ensembles to assess the impacts of 660 
climate change offers considerable potential but also a significant challenge, for both 661 
resource planners and managers and for the research community in communicating 662 
the nature of these uncertainties.  663 
664 
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List of Figures 911 
 912 
Figure 1 The RCM 50 km grid (all re-gridded to the common CRU grid) and the nine 913 
coherent rainfall regions. The regions are: North Scotland (NS), East Scotland (ES), 914 
South Scotland (SS), Northern Ireland (NI), Northwest England (NWE), Northeast 915 
England (NEE), Central and Eastern England (CEE), Southeast England (SEE) and 916 
Southwest England (SWE). 917 
 918 
Figure 2 Observed (UKMO) and RCM modeled (CTRL) (a) mean daily precipitation, 919 
(b) wet day frequency (> 1 mm), (c) spatial distribution of mean winter precipitation 920 
for the UK for the control period, 1961-1990. The shaded area in (a) represents the 921 
95% confidence interval for the 30-year sample mean, and in (b) indicates the 95% 922 
confidence interval for the sample proportion assuming the Gaussian approximation 923 
to the binomial distribution as described in Wilks (1995). 924 
 925 
Figure 3 Scatter plots of the mean and standard deviation of Rmed values, comparing 926 
the UKMO and CTRL integrations for (a) 1 day, and (b) 10 day. The CTRL datasets 927 
are denoted by different colors, UKMO is shown in bold black, whilst symbols 928 
represent regions. 929 
 930 
Figure 4 Box plots of distributions of Rmed for CTRL integrations and observed 931 
(UKMO) for (a) CEE region, 1 day, (b) CEE region, 10 day, (c) NS region, 1 day, and 932 
(d) NS region, 10 day. The observed distribution is shown in bold. 933 
 934 
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Figure 5 Estimates of return value (in mm) for (a) 1 day, 5 year event for grid cells, 935 
(b) 1 day, 5 year event for regions, and (c) 10 day, 5 year event for grid cells.   936 
 937 
Figure 6 Estimates of return value (in mm) for 1 day, 5 year event for all European 938 
grid cells.  939 
 940 
Figure 7 Estimates of percentage change in return values for (a) 1 day, 5 year events 941 
and (b) 1 day, 25 year events for all European grid cells.  942 
 943 
Figure 8 Estimates of percentage change in return values for (a) 10 day, 5 year events 944 
and (b) 10 day, 25 year events for all European grid cells.  945 
 946 
Figure 9 Estimates of change in 1 day 5 year return value for the SRES A2 2071-947 
2100 scenario for each of the nine UK homogenous rainfall regions for six RCMs. 948 
The x-axis shows the percentage change estimated and the y-axis shows the 949 
probability density. The uncertainty resulting from natural variability is shown by the 950 
width of the density function.  951 
 952 
Figure 10 Estimates of change in 10 day 25 year return value for the SRES A2 2071-953 
2100 scenario for each of the nine UK homogenous rainfall regions for six RCMs. 954 
The x- and y-axis labels are as for Figure 9. The uncertainty resulting from natural 955 
variability is shown by the width of the density function.  956 
 957 
 42
Figure 11 Estimates of change in 5 and 25 year return values for the SRES A2 2071-958 
2100 scenario for each of the nine UK homogenous rainfall regions, pooling results 959 
from all RCMs and assuming equal weighting: (a) 1 day, and (b) 10 day. The box plot 960 
shows the smallest observation (lower bar), lower quartile (bottom of box), median 961 
(line through box), upper quartile (top of box), and largest observation (upper bar). 962 
Outliers, points which fall more than 1.5 times the inter-quartile range above the third 963 
quartile or below the first quartile, are indicated individually. 964 
 965 
Figure 12 Estimates of change in 1 day (a) 5 year, and (b) 25 year return values for 966 
the SRES A2 2071-2100 scenario for each of the nine UK homogenous rainfall 967 
regions, pooling results from all Hadley-driven models (Hadley), a sub-set of Hadley-968 
driven models (Hadley_sub), RCAOH and HIRHAMH, and the ECHAM-driven 969 
models (ECHAM), RCAOE and HIRHAME. Box plot details are the same as for 970 
Figure 11. 971 
 972 
Figure 13 Estimates of change in 10 day (a) 5 year, and (b) 25 year return values for 973 
the SRES A2 2071-2100 scenario for each of the nine UK homogenous rainfall 974 
regions, pooling results from all Hadley-driven models (Hadley), a sub-set of Hadley-975 
driven models (Hadley_sub), RCAOH and HIRHAMH, and the ECHAM-driven 976 
models (ECHAM), RCAOE and HIRHAME. Box plot details are the same as for 977 
Figure 11. 978 
 979 
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Table 1 The selection of PRUDENCE Regional Climate Models for which 981 
integrations are analyzed in this study. The first part of each model acronym refers to 982 
the RCM and the second to the GCM data used to provide the boundary conditions, 983 
either from Hadley Centre models (HadRM3H/P or HadCM3; suffix H) or 984 
ECHAM4/OPYC3 (suffix E).  985 
 986 
Model Acronym Institution RCM GCM Driving Data 
HIRHAMH 
 
Danish Meteorological Institute (DMI) HIRHAM HadAM3H 
HIRHAME 
 
ECHAM4/OPYC3 
 
RCAOH 
 
Swedish Meteorological and 
Hydrological Institute (SMHI) 
RCAO HadAM3H  
RCAOE 
 
ECHAM4/OPYC3 
 
HADH 
 
Hadley Centre – UK Meteorological 
Office 
HadRM3P HadAM3P  
ARPEGEH 
 
Météo-France, France ARPEGE HadCM3  
 987 
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Table 2 Percentage differences in mean and standard deviation of 1 day AM between 989 
UKMO and CTRL integrations for each UK region. UKMO values are given in mm. 990 
 991 
Statistic UKMO ARPEGE_H HAD_H HIRHAM_E HIRHAM_H RCAO_E RCAO_H 
(a) Mean 
SEE 32.1 -20.1 -20.9 -19.5 -26.8 -21.3 -23.4 
SWE 37.6 -25.1 -25.2 -22.5 -31.3 -22.6 -27.0 
CEE 29.5 -17.2 -8.0 -16.0 -27.0 -15.1 -18.8 
NEE 33.2 -18.9 -14.7 -25.4 -29.2 -24.2 -27.1 
NWE 38.7 -26.3 -24.8 -24.8 -31.4 -28.0 -32.5 
SS 40.9 -24.0 -12.5 -27.3 -37.0 -31.5 -33.9 
ES 34.6 -18.1 -17.9 -27.8 -34.7 -25.2 -30.1 
NS 44.4 -30.0 -14.4 -26.5 -38.2 -34.5 -40.1 
NI 33.6 -15.9 -13.9 -14.7 -27.9 -19.8 -24.1 
Mean anomaly   -21.7 -16.9 -22.7 -31.5 -24.7 -28.6 
(b) Standard Deviation 
SEE 9.7 -5.5 -16.4 -27.5 -16.9 -42.7 -34.0 
SWE 12.2 -42.7 -31.4 -33.6 -27.4 -48.6 -47.8 
CEE 10.1 -33.4 -13.7 -32.9 -46.8 -42.9 -35.5 
NEE 10.5 -39.0 -16.0 -41.8 -31.8 -55.7 -46.8 
NWE 12.7 -47.8 -28.9 -38.3 -35.8 -54.7 -56.4 
SS 11.7 -53.1 -13.8 -40.5 -30.5 -62.1 -55.5 
ES 10.4 -33.2 -18.7 -41.1 -38.9 -41 -56.1 
NS 17.3 -53.0 -9.3 -42.2 -48.0 -66.6 -63.3 
NI 10.9 -45.0 -36.9 -41.4 -51.4 -59.6 -46.0 
Mean anomaly   -39.2 -20.6 -37.7 -36.4 -52.7 -49.0 
 992 
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Table 3 Percentage differences in mean and standard deviation of 10 day AM 994 
between UKMO and CTRL integrations for each UK region. UKMO values are given 995 
in mm. 996 
 997 
Statistic UKMO ARPEGE_H HAD_H HIRHAM_E HIRHAM_H RCAO_E RCAO_H 
(a) Mean 
SEE 85.5 -12.7 -26.7 -7.3 -10.8 -1.7 0.2 
SWE 111.0 -15.7 -25.7 -12.1 -22.2 -5.5 -8.8 
CEE 68.6 -7.2 -4.4 8.5 -6.8 16.0 10.4 
NEE 86.1 -6.7 -17.3 -13.8 -21.8 0.4 -9.1 
NWE 114.3 -11.1 -26.0 -16.5 -23.1 -10.0 -15.9 
SS 135.0 -16.1 -18.0 -19.8 -30.0 -17.4 -21.8 
ES 93.9 -9.7 -15.7 -12.8 -19.2 -3.6 -8.3 
NS 154.0 -19.1 -16.5 -20.8 -34.4 -20.2 -26.1 
NI 93.0 -8.7 -11.1 -0.3 -12.8 8.7 -0.8 
Mean anomaly   -11.9 -17.9 -10.5 -20.1 -3.7 -8.9 
(b) Standard Deviation 
SEE 23.5 -30.5 -34.6 -1.2 -16.2 -21.7 -26.2 
SWE 29.3 -26.4 -22.8 -10.3 -28.1 -38.2 -44.0 
CEE 17.1 -31.6 -4.3 7.6 -28.8 -2.8 6.6 
NEE 26.2 -27.6 -1.5 -40.2 -40.5 -38.5 -47.5 
NWE 37.3 -35.4 -35.4 -41.5 -32.1 -47.5 -58.8 
SS 40.9 -49.0 -17.4 -32.7 -38.2 -57.8 -61.9 
ES 30.8 -30.2 -17.7 -45.6 -36.2 -47.0 -49.6 
NS 58.6 -46.1 1.7 -39.3 -47.8 -62.0 -60.9 
NI 17.0 -7.6 1.2 3.5 -9.1 -10.2 -16.7 
Mean anomaly  -31.6 -14.5 -22.2 -30.8 -36.2 -39.9 
 998 
 999 
